Chromatographic antibody purification High-throughput process development Design of experiments Decision-support tools Monte Carlo simulations a b s t r a c t Chromatography remains the workhorse in antibody purification; however process development and characterisation still require significant resources. The high number of operating parameters involved requires extensive experimentation, traditionally performed at small-and pilot-scale, leading to demands in terms of materials and time that can be a challenge. The main objective of this research was the establishment of a novel High Throughput Process Development (HTPD) workflow combining scale-down chromatography experimentation with advanced decision-support techniques in order to minimise the consumption of resources and accelerate the development timeframe. Additionally, the HTPD workflow provides a framework to rapidly manipulate large datasets in an automated fashion. The central component of the HTPD workflow is the systematic integration of a microscale chromatography experimentation strategy with an advanced chromatogram evaluation method, design of experiments (DoE) and multivariate data analysis. The outputs of this are leveraged into the screening and optimisation components of the workflow. For the screening component, a decision-support tool was developed combining different multi-criteria decision-making techniques to enable a fair comparison of a number of CEX resin candidates and determine those that demonstrate superior purification performance. This provided a rational methodology for screening chromatography resins and process parameters. For the optimisation component, the workflow leverages insights provided through screening experimentation to guide subsequent DoE experiments so as to tune significant process parameters for the selected resin. The resulting empirical correlations are linked to a stochastic modelling technique so as to predict the optimal and most robust chromatographic process parameters to achieve the desired performance criteria.
Introduction
The development of a chromatographic purification process in biopharmaceutical manufacturing is highly challenging and complex especially at early stages. The large number of parameters that could potentially have a significant impact on the chromatographic separation performance requires extensive experimentation traditionally performed at bench-scale in order to optimise the operating conditions. Moreover, extensive experimentation also requires a substantial amount of clarified material and long timelines [1] . High-throughput experimentation (HTE) has emerged as of purification processes are available including in silico and experimental laboratory approaches. In silico approaches include heuristic or knowledge-based methods [3] [4] [5] , and algorithmicand model-based methods [6] [7] [8] . Lab methods often rely on highthroughput experimental methods. Hybrid methods combining high-throughput experimentation (HTE) with different in silico approaches have also been presented [9] . The following paragraphs summarise the HTE approaches as well as hybrid ones.
Currently, three micro-scale formats are employed in chromatography HTE: 1) microliter batch incubation, 2) pre-packed micropipette chromatography tips and 3) pre-packed miniature packed-bed chromatography columns. Chhatre and TitchenerHooker proposed a route to chromatography process development using micro-scale chromatography and provided a comprehensive overview of the different formats [2] . The authors discussed the operation of different micro-scale techniques and offered recommendations on their proper use either manually or using an automated liquid handling system [2] . Lacki evaluated the limitations and the advantages that these different micro-scale techniques offer and provided guidelines based on published highthroughput screening purification data, setting out which format is more appropriate for a given kind of experimental goal [10] . The author highlighted that when using the micropipette chromatography tips and the pre-packed miniature chromatography columns, it is not possible for both the residence time and the linear velocity values to be representative of values achieved with industrial scale columns given the change in bed height. Furthermore, highthroughput data obtained using the microliter batch incubation format require a mathematical manipulation in order to provide predictions at larger scales [10] .
A number of studies have been published utilising microliter batch incubation and automated liquid handling systems, to investigate different types of protein chromatographic purification [11] [12] [13] and to identify the accuracy and consistency of automated liquid handling systems [1] . Additional studies have been conducted to determine the dynamic binding capacity [14, 15] . The second micro-scale format using pre-packed micropipette chromatography tips has been demonstrated with the evaluation of the purification of virus-like particles [16] . Chhatre et al. used the same micropipette chromatography tips format and 2-level full factorial DoE to evaluate the effects of pH and salt concentration on the recovery and purification of polyclonal antibodies by a mixed-mode cation exchange resin [17] . The third and last micro-scale technique available incorporates miniature packedbed chromatography columns with bed volumes of 100, 200 and 600 L. The miniature columns are a closer representation of a packed-bed chromatography column, in terms of geometry and flow characteristics. Wierling et al. recognised the necessity for more rapid analytical tools and utilised these miniature columns coupled with an automated liquid handling system and an analytical system to evaluate the ability of four different chromatography resins to purify monoclonal antibodies from host cell proteins [18] .
Another option in chromatography process development is the combination of HTE with different approaches [9, 19, 20] . These include combining HTE with genetic algorithms [21, 22] or mechanistic modelling [23, 24] to optimise process parameters for chromatography operations. Hybrid methods offer the advantage of linking different approaches emphasising the merits while mitigating the limitations that each method offers [20] .
In addition to process parameter optimisation, another crucial decision at early-stage process development is the selection of the appropriate chromatography resin for each step in the correct order in the purification train. Resin selection is a rather complex task considering different resins with a wide operating range and number of process parameters for screening. An additional complication might be that different resins can be operated under different conditions thus intensifying substantially laboratory activities for experimentation (e.g. buffer preparation).
The impetus for the development of a systematic methodology to address the challenges involved in optimal chromatography resin selection has been discussed previously (e.g. [25] ). Hybrid approaches to aid both resin selection and process parameter optimisation have been presented in the literature that integrate HTE with a form of model-based optimisation [26, 27] .
There is an increasing trend to incorporate HTE into platforms (or workflows) that combine different tools and methods forming an HTPD strategy [28] . Through the QbD initiative, regulatory agencies suggest manufacturers to adopt an HTPD strategy in order to accelerate process development from a very early stage in a product's lifecycle and achieve a high level of product and process understanding.
Previous studies have focused mainly on individual techniques with limited examples of complete workflows integrating scaledown experimentation with DoE, MVDA and decision-making tools. In addition, a further challenge often associated with HTE is how best to leverage the large amounts of raw data generated and to evaluate trade-offs in the datasets to make decisions on optimal strategies. Recognising the limitations in terms of time and materials, this work focuses on the establishment of an HTPD workflow that combines a variety of different methods in a semi-automated manner so as to streamline screening of different cation exchange (CEX) chromatography resins and optimisation of process parameters under uncertainty.
The overall aim of this research is to identify the appropriate combination of experimental approaches and decision-support techniques, in order to provide a consistent methodology for rapid generation and analysis of chromatographic purification data. A single chromatography step is investigated rather than the complete purification train in order to provide a detailed investigation of process parameters that could impact the performance of each resin candidate. The proposed HTPD workflow suggests the use of miniature pre-packed chromatography columns coupled on an automated liquid handling system, for the rapid generation of purification data. Additionally, the integration of DoE with the fractionation diagram method [29] [30] [31] was introduced to cope with the vast amounts of data generated through HTE. Furthermore, a combination of multivariate data analysis, multi-criteria decision-making and robustness analysis was established to define a potential window of operation for the chromatographic purification of a highly aggregated antibody solution.
The paper is structured as follows. Section 2 (Materials and methods) focuses on describing the individual experimental data analysis and decision-making methods and techniques used in the HTPD workflow. An example of implementing the HTPD workflow is demonstrated in Section 3 (Results and discussion) to facilitate resin screening and process parameter optimisation for bind-and-elute ion-exchange chromatography used for intermediate antibody purification.
Materials and methods

Materials and equipment
A bispecific antibody was used to demonstrate the implementation of the HTPD workflow. This was produced in Chinese hamster ovary (CHO) cells and cell culture material was clarified and partially purified by MedImmune. The cell culture broth was clarified by a series of depth filters and the clarified material was further processed using a Protein A chromatography column followed by a low pH hold to inactivate any enveloped viruses. The preparation of the feedstock material for the investigation of the CEX chromatography step was completed with the neutralisation of the low pH antibody solution. All chemicals used to prepare buffers, were provided by J.T. Baker (Avantor Performance Materials Inc., Pennsylvania U.S.A). All weight measurements were performed using a BP 3100 S balance (Sartorius, Surrey UK) while pH and conductivity were measured using a PHM220 Lab pH meter and a CDM230 conductivity meter (Radiometer Analytical, Colorado U.S.A), respectively. The antibody solution was concentrated using a tangential flow filtration system (Pall Life Sciences, Portsmouth UK) with a 30 kDa polyether sulphone membrane (Millipore, Billerica, MA Fractionation diagram plotting the cumulative product fraction against the cumulative fraction of the total protein, e) maximum purification factor against elution yield graph, f) purity against elution yield graph, g) purity against yield graph, h) schematic illustration of the DoE -Fractionation Diagram approach integration. Steps a) through f) presented as described by Ngiam et al. [29] and steps g) & h) show the extension to the method as proposed here to account for potential product loss and integrate the method with DoE. [32] [33] [34] . On the other hand, definitive screening designs were introduced in 2011 [35] and yet have limited published examples in bioprocessing. Jones and Nachtsheim identified limitations of resolution III and IV fractional factorial designs used for early-stage screening experimentation and proposed a new class of screening designs known as definitive screening designs [35] . The proposed new class of screening designs estimates main effects completely independent of two-factor interactions. Moreover, the evaluation of each factor at three levels offers the ability to estimate quadratic effects orthogonal to main effects and not completely confounded with second order interactions. Tai et al. implemented a hybrid approach combining HTE using an ambr250 TM system with a 10-factor definitive screening design for the characterisation of fermentation processes for therapeutic proteins and reported the ability of their model to capture efficiently main and quadratic effects along with higher order interactions [36] .
The construction and the evaluation of the DoE space were performed in JMP Pro 11 (SAS Institute Inc., Marlow, UK) which offers a definitive screening design platform. Insights gained through screening experimentation were leveraged to develop the DoE space for the subsequent optimisation study. The resin comparison and selection methodology described in Section 2.2.3.3, determines the set-point of process parameters for each resin to meet quality and performance targets. These set-point values were used as the mid-values when designing the optimisation experiments. Having completed the experimental runs the DoE responses were estimated in MS Excel and recorded in JMP to enable the initiation of the DoE analysis. Using the Model Fit platform in JMP, a stepwise regression fitting approach was followed considering all possible main and quadratic effects and second order interactions. The stepwise regression platform in JMP follows a methodology demonstrated by Kumar et al. [34] to identify the appropriate empirical model avoiding under-or over-fitting issues using a series of standard statistical criteria (e.g. Akaike information criterion (AIC), Bayesian information criterion (BIC), R 2 , adjusted R 2 and p-value threshold (<0.05)).
Experimental set-up
For the estimation of the DBC 10% , the flow-through volume was fractionated into fractions of equal volume (200 L) and collected in 96-deep well plates for further analysis to determine the total protein concentration in each fraction. To evaluate selectivity and recovery, the elution pool was fractionated and each fraction (200 L) was analysed to determine its total protein concentration and purity. Several steps were involved in the experimental set-up to investigate the dynamic binding capacity as well as the capability for purification and recovery. The process cycle started with equilibration of the chromatography matrices at the appropriate pH and conductivity conditions. Then to evaluate the binding capacity, each resin was challenged at a high load mass. For the stepwise elution experiments, equilibration was followed by loading of the product to a specific load challenge expressed as a fraction of the maximum DBC 10% . Product and impurities were eluted with increasing conductivity of the mobile phase, followed by a high pH -high conductivity step to clean and sanitise the chromatography matrices. The same protocols were used for the purposes of subsequent steps in the HTPD workflow, to optimise the process parameters for the selected chromatography resin as well as for the model verification experiments at bench-scale. The only differences being the volume of the fractions that was collected (300 L and 1.7 mL) and the volume of the chromatography column (600 L and 4 mL) for the optimisation and model verification studies at bench-scale, respectively.
2.2.
3. Data analysis methodology 2.2.3.1. Dynamic binding capacity at 10% breakthrough. The DBC 10% was estimated using Eq. (1), where V 10% is the load volume (L) at 10% breakthrough, C Feed is the initial mAb concentration (g/L) and V column is the volume of the column (L) [37] . DBC 10% was calculated for each set of operating conditions as dictated by the DoE for screening and optimisation.
Integration of fractionation diagram approach and design of experiments. The execution of the experimental plan for every resin combined with the fractionation of the elution pool generated thousands of samples and hundreds of different chromatograms, posing a significant challenge in terms of sample and data analysis. To overcome the data analysis difficulties, the fractionation diagram approach was used to rapidly analyse the resulted chromatograms [29] [30] [31] . The fractionation diagram approach offers a quantitative relationship between purification and recovery. Any changes to the operating conditions such as pH or linear velocity can potentially lead to a shift to the relative position of the peaks of the product and its impurities in a chromatogram and hence to a different purification-recovery trade-off. In the fractionation diagram the Y axis (Eq. (2)) expresses the amount of product (M P ) collected over the total amount of product eluted, while the X axis (Eq. (3)) displays the cumulative mass fraction of the total material (M T ) eluted. In Eqs. (2) and (3), "F" represents the total number of fractions, "f" is the fraction index (e.g. the 3 rd fraction) and "n" is the number of fractions collected in the elution pool. Therefore, any product loss during binding and wash steps in a typical chromatography cycle operating in bind-and-elute mode is ignored. Additionally, under strong binding conditions it is possible not to be able to recover the entire product during the elution step in a cycle. This issue becomes more apparent when the fractionation diagram method is used to screen a wide range of process parameters. Hence, the distance between two points on the Y axis on the fractionation diagram (Y f+n -Y f ) in this paper represents the elution yield (Yield Elution ) instead of step yield (Fig. 1d) . Yield Elution changes from 0% to 100% regardless of the operating conditions thus ignoring any product loss. Yield can be estimated simply as the ratio of total amount of material collected in the elution pool over the total amount of material that was loaded onto the chromatography resin (Eq. (4)). To estimate yield, the total amount of material loaded is calculated as the product of DBC 10% and the volume of the chromatography column. The amount of product collected in the elution pool is estimated by multiplying the desired level of Yield Elution with the total amount of product eluted
At a certain value of Yield Elution there is a maximum purification factor, thus a maximum purity value (Fig. 1e) . Purity is estimated as the product of the purification factor and the initial feed purity (Fig. 1f) . (Fig. 1g) . Purity is estimated as the product of the purification factor and the initial feed purity (Fig. 1f) . Additionally, every purity-yield pair corresponds to a set of Y f+n -Y f and X f+n -X f values that define the cut-points on the respective chromatogram and thus determines the volume of the elution pool that delivers that purity-yield pair. The difference with the method initially proposed by Ngiam et al. [29] is that using the current terminology the final graph would be purity against Yield Elution (Fig. 1f) thus potentially overestimating the recovery capabilities of a resin at a certain set of operating conditions. Using the Purity versus Yield graph (Fig. 1g) as discussed here, a series of purity-yield pairs can be selected as dictated by the DoE space thus integrating the fractionation diagram approach with DoE (Fig. 1h ). Fig. 1 shows a simplified example of the integration of the fractionation diagram approach with a two factor, two level DoE. The steps a) to f) in Fig. 1 illustrate the fractionation diagram approach as described by Ngiam et al. [29] while steps g) and h) visualise the integration of purity-yield pairs with DoE using the Yield Elution term as an additional factor in the DoE. The integration of the fractionation diagram approach with DoE requires meticulous calculations to estimate the DoE responses (e.g. purity and yield). Considering also the large number of chromatograms resulted from a resin screening study the raw data manipulation becomes extremely challenging and prone to error. Nevertheless, the well-defined mathematical structure of the fractionation diagram approach allows for the development of a tool to automate the analysis. Here, for the purpose of this research, the fractionation diagram approach was programmed in MS Excel. The GRG Nonlinear engine of SOLVER (optimisation tool add-in) was called through VBA to estimate the purification factors at different Yield Elution values (0-100%). Furthermore, a procedure was written in VBA to automate the analysis of multiple chromatograms and for multiple resins.
2.2.3.3.
A decision-support tool for resin comparison and selection for a single chromatography step. Statistical analysis of the DoE space for each resin candidate develops a regression model that describes each attribute (or DoE response) as a function of the process parameters (or DoE factors). Apart from screening for significant process parameters, the purpose of screening different chromatography resins is also to compare them and identify those with the greatest performance. To standardise and automate the resin comparison and selection procedure a decision-support tool was developed in MS Excel using the Solver Optimisation tool add-in with the evolutionary engine activated. The evolutionary engine receives variable inputs and searches different combinations of them to achieve the objective function while satisfying a set of constraints. A generalised schematic of the structure of the resin selection decision-support tool is presented in Fig. 2a .
A record of resin candidates included in the study is created. The resin selection tool identifies each resin using an index (i) assigned to it in order to recognise its associated fixed and variable parameters. The set-point value of the DoE factors investigated in the screening study are used as the variable inputs in the tool. Fixed inputs include the limits of the DoE factors and the regression coefficients of model parameters describing DoE responses. The DoE analysis results in a multiple linear regression (MLR) equation estimating a DoE response as a function of the DoE factors. Additional assumptions required for the calculation of key metrics included in the resin selection tool are considered as fixed inputs. For instance, to calculate productivity it is necessary to estimate the processing time thus assuming a column bed-height and the number of column volumes for each step in a chromatography cycle. Furthermore, threshold values are assigned for the decision attributes included in the resin selection tool along with their respective weight coefficient. The weight coefficient of each attribute defines its relative importance among the other attributes and therefore, dictates its priority order in the tool.
The resin selection tool operates in two stages. The first stage identifies decision attributes (e.g. yield, purity) and their relative significance and prioritises them in descending order. Thus the most important attribute is evaluated first while the least significant attribute is considered last. The evolutionary engine is searching for the set-point of process parameters (variable inputs) to achieve the threshold value for the first decision attribute. Once this is achieved the search continues with the second decision attribute while still satisfying the previous attribute. The procedure continues for all decision attributes included in the analysis with the last attribute requiring the satisfaction of all previous criteria. This approach of satisfying criteria, also known as satisficing, can potentially exclude resin candidates that meet a significant number of criteria but however fail to reach an important decision criterion that was ranked high in the priority order. Hence, it is crucial that the appropriate weight coefficients are assigned to the decision attributes in order to capture specific requirements from the resin candidates and avoid selecting resins that meet less significant criteria.
The evolutionary engine runs with the objective to maximise the number of decision attributes achieved in their respective priority order for each resin candidate while managing to meet the constraints. A set of constraints is also applied for each resin candidate in the resin selection tool to limit the variation of process parameters within the desired range. The lower and upper limits of process parameters are dictated by the DoE and considered as fixed inputs. The role of the constraints is to ensure that variable inputs fall within the acceptable range and set the threshold value for each decision attribute.
A number of resin candidates could potentially achieve all decision attributes due to either relatively low threshold values or their adequate performance. Additionally, resin selection would be difficult when resin candidates perform very similarly. To address these issues a second stage in the resin selection tool is used to assign a score to each resin candidate that successfully meets all decision attributes. A performance score is estimated for each successful resin candidate using the weighted sum method combining all the attributes used in the first stage of the tool. In Eq. (5), w j is the weight coefficient of each attribute (j), "J" is the total number of attributes and K i ,j is the normalised value of attribute (j) for resin (i). In case an attribute needs to be maximised in Eq. (5).1 the worst and best normalised values correspond to the minimum and maximum values of the attribute, respectively. On the other hand, in case an attribute needs to be minimised, worst and best refer to the maximum and minimum value, respectively. The term k j,i in Eq. (6) represents the actual value achieved of attribute (j) for resin (i).
The final decision regarding the selection of the most suitable resin candidate(s) is performed by identifying the candidate that reached the highest number of decision attributes and achieved the maximum performance score in this order. Hence, the comparison based on the score is only taking place when more than one resin candidates achieve the same maximum number of decision criteria.
The resin selection tool suggests the most suitable resin candidate(s) and also provides the set-point values for the process parameters included in the regression model that describes the factors-response relationship. These set-point values were used as the centre point in the subsequent central composite design so as to optimise process parameters and identify a window of operation. Response surface analysis of the DoE space as constructed by the central composite designs enabled the development of a set of MLR equations that describe the relationship between factors and responses. The appropriate MLR model for each response is identified using the stepwise regression approach through the Model Fit platform in JMP with a minimum BIC model selection criterion, backward elimination and a p-value threshold of 0.05.
To identify a window of operation that satisfies a number of quality and performance attributes a stochastic simulation engine was built in MS Excel (Fig. 2b) . Each process parameter was expressed using a triangular distribution defined by its mode, minimum and maximum values representing the set-point and its deviation limits. The resulting probabilistic process parameters were then used to estimate each DoE response (e.g. purity, yield) using the MLR correlations developed through the optimisation study for the selected resin candidate. A series of Monte Carlo simulations were performed by varying the set-point and its deviation limits for each process parameter and deriving distributions for each DoE response. An optimisation was set up to determine the optimal set-point and range that minimised the objective function. This was achieved using the evolutionary engine provided by the SOLVER optimisation tool add-in in MS Excel, which was set to receive the set-point and its deviation limits for each process parameter (DoE factors) as decision variables. The objective function was defined as minimisation of the probability of process failure. In this context process failure was considered the probability of failing to meet the threshold value for any of the quality and performance attributes. For instance, assuming two attributes of purity and yield, the probability of process failure is defined as [38] :
where:
E(A): the event where purity fails to meet the threshold purity value E(B): the event where yield fails to meet the threshold yield value P(A): the probability of failing to meet the threshold purity value P(B): the probability of failing to meet the threshold yield value P(A ∩ B): the probability of failing both purity and yield threshold values N: Total number of simulations (sample space) A potential window of operation is defined by a set-point (mode) value and an acceptable range (min., max.) for each process parameter (DoE factor) in order to minimise the probability of process failure. The robustness of the optimal solution as defined by SOLVER was further analysed by examining its associated Monte Carlo simulation dataset to determine the parameters with the greatest impact on each attribute and visualise its distribution using @RISK (Palisade Corporation, NY, USA).
Bench-scale model verification
To verify the predictive ability of the model, targeted experimentation within the suggested window of operation was performed at bench-scale using a self-packed chromatography column with a bed-height of 20 cm and a diameter of 0.5 cm. The sequence and configuration of the chromatography cycle was similar to that used at micro-scale with the only difference being the gradient elution profile. Experimentation related to the HTPD workflow was conducted with a stepwise elution profile due to limitations related with the liquid handling system. On the other hand, experimentation at bench-scale was performed by applying a linear conductivity gradient profile so as to enable a more accurate determination of the conductivity range where product is collected in the elution pool. Experimentally achieved values (or actual values) were plotted against predicted values for each attribute to visualise the accuracy of the predictions. Additionally, statistical tests (F-test and t-test) were performed to address the hypothesis that actual and predicted values are all from the same distribution comparing the mean and standard deviation for each dataset.
Results & discussion
The previous section described the individual components of the HTPD workflow and highlighted its capability to adapt to different user specifications. This section focuses on presenting the implementation of the workflow for a particular purification challenge and demonstrating the linkage among different components of the workflow.
A case-study was formulated in collaboration with MedImmune to demonstrate the HTPD workflow, using a bispecific monoclonal antibody with high aggregate concentration post Protein A chromatography. The main steps involved in the HTPD workflow are outlined in Fig. 3 . The design and execution cycle is the central component of the workflow that combines DoE, the fractionation diagram method, high-throughput experimentation and multivariate data analysis. A key output of the design and execution cycle is the regression models (i.e. binding and elution models) which can be imported into decision-support tools for further evaluation. Starting with a screening study, regression models are used in the resin selection tool to determine the best resin candidate. On the other hand, an optimisation study leverages binding and elution regression models using a robustness analysis tool to identify a window of operation under uncertainty in process parameters.
Preparation for the HTPD workflow
It is essential to gather relevant information regarding the product and the process before proceeding into any experimental work. For instance, information on previously tested CEX chromatography resins, significant process parameters and ranges, level and composition of impurities as well as properties related to the molecule under investigation could all provide critical insights and hence promote and improve the design of the experiments. After discussion with the purification process development team in MedImmune (Granta Park, Cambridge, UK), eight CEX chromatography resins (as named in Section 2.1) were chosen to be included in the study. Due to the high aggregate concentration (˜20%) post Protein A chromatography, the primary consideration was the identification of resin candidates that could remove a sufficient amount of high molecular weight (HMW) species.
Additional information required is the mode of operation of the selected resin candidates. Given the high isoelectric point (>8.5) of the particular bispecific mAb, CEX chromatography resins were operated in bind-and-elute mode. A typical chromatography cycle operating in bind-and-elute mode involves six main steps: equili-bration, load, wash, elution, strip and resin regeneration. The two steps investigated here were the load (or binding) step and the elution step. The operation conditions for resin equilibration and wash were dictated by the operating conditions for binding and elution, respectively, while a universal protocol was used to strip and regenerate all CEX resins. Binding and elution conditions were evaluated through two different sets of DoE.
Design and analysis of experiments
The HTPD workflow starts with the construction of the DoE space to investigate the binding conditions for each CEX resin. A definitive screening design was created in JMP with four continuous factors (process parameters) and a single response ( Table 1) . The conditions of the mobile phase (pH and conductivity), the linear velocity and the concentration of the feed were the four factors considered in the DoE with DBC 10% as the only response to be maximised. Linear velocity was adjusted in order to keep the residence time between two scales constant. At micro-scale the bed-height is 1 cm and 3 cm for a 200 L and a 600 L miniature chromatography column, respectively while a typical bed-height at pilot-and large-scale would be around 20 cm. Thus operating a 20 cm bedheight column at a linear velocity of 300 cm/h would result in a residence time of 4 min. The corresponding linear velocity at microscale can be estimated by keeping constant the residence time. For this example, using a 600 L column the linear velocity would be 45 cm/h.
The definitive screening design platform in JMP Pro 11 created a design of nine runs with four factors to screen in order to maximise the DBC 10% for each CEX resin. Breakthrough curves resulted from the DoE runs were analysed in MS Excel to calculate the DBC 10% at each set of operating conditions and for each CEX resin. DBC 10% values were imported in JMP and through a stepwise regression analysis, a MLR regression model was developed estimating DBC 10% as a function of the DoE factors and for each CEX resin. Each model demonstrated an R 2 and adjusted R 2 value above 80% and a p-value less than 0.05 through analysis of variance (ANOVA) indicating that variability of the response from its mean value is not due to chance. A set of operating conditions that seemed to favour every CEX resin was identified in order to simplify subsequent experimentation to evaluate the elution operating conditions. Three process parameters were selected as the DoE factors (elution pH, elution linear velocity and load challenge) in the elution definitive screening design created to screen for maximum purity and yield for each CEX resin. The conductivity gradient profile of the mobile phase during elution was kept the same throughout the experimental runs and for all CEX resins. A stepwise elution profile over 20 column volumes from 0 mM to 450 mM with a 50 mM step of sodium chloride was applied.
The term load challenge expresses the binding capacity of a CEX resin as a fraction of its DBC 10% . Additionally, the product recovery term, Yield Elution , was considered as the fourth factor in the elution definitive screening design as discussed in Section 2.2.3.2, in order to achieve the integration of DoE and the fractionation diagram approach. Hence the resulted DoE space consisted of four factors leading to nine experimental runs investigating two responses. Two CEX resins demonstrated the lowest DBC 10% and therefore load challenge was not considered as a factor in their elution definitive screening design. The evaluation of all three DoE responses (DBC 10% , purity and yield) was achieved using the resin selection tool.
Resin comparison and selection
The structure and the main components of the resin selection tool are illustrated in Fig. 2 . Additionally, Table 2 provides a summary of its main components used in the case-study. To initiate the comparison and selection protocol it is necessary to define the desired decision attributes along with their relative importance. As discussed above, due to the high concentration of HMW species it was crucial to identify CEX resin candidates that had high HMW removal capabilities (over 70%). Therefore, HMW removal (Eq. (10)) was selected as the first decision attribute and it was assigned a weight coefficient of 40%. High HMW removal may result in product loss in cases with poor selectivity and peak resolution; thus, a second metric was introduced to evaluate the purity of the product (monomer) from HMW species. For the purposes of the screening study it is equally important to identify the best resin candidate and determine how the rest of the candidates compare. Therefore, instead of comparing the resin candidates using the purity of the bispecific antibody a different metric was introduced to capture the change in purity relative to the theoretical maximum improvement. Eq. (11) describes that change in purity which was given a weight coefficient of 30%. The third decision attribute considered was the step yield (Eq. (4)) followed by productivity (Eq. (12)) assigned a weight coefficient of 20% and 10%, respectively. The determination of the appropriate weight coefficients along with their threshold values was achieved after discussion with the purification team at MedImmune (Cambridge, UK).
Purity Change (%) = (Purity Elution pool − Purity Feed )
Productivity g/L/h = DBC*Yield/t (12) where:
HMW Elution pool : mass of HMW species collected in the elution pool (g) HMW Feed : initial mass content of HMW species in the feed stream (g) u: Linear velocity (cm/h) CV: Number of column volumes H: Column bed-height (cm) t: chromatography cycle time (hours) The resin selection tool receives these specifications by the user and organises accordingly the order that each attribute is evaluated. Then an evolutionary engine (SOLVER Optimisation tool, Excel) searches for the set-point of process parameters for each CEX to achieve threshold values of the decision attributes as shown in Table 2 . The final decision was based on the weighted sum method assigning a performance score (Eq. (5)) to each CEX resin based on the value it achieved for each decision attribute (Eqs. (4), (10)- (12)). The CEX resin that met the maximum number of decision attributes and achieved the highest performance score (in that order) was selected as the most suitable candidate to undergo further experimentation to optimise its operating conditions. An illustration of the final outcome of the tool for the bispecific mAb case study is presented in Fig. 4 .
Two CEX resin candidates managed to achieve all four decision criteria in their respective order. It should be noted that the yield requirement was dropped to a low level in order to allow a high HMW removal. Due to high aggregate concentration and poor peak resolution achieved with the 200 L chromatography columns a substantial reduction of HMW species was only achieved through decreased product recovery. Although limitations were Table 1 Design of Experiments used in the HTPD workflow for screening and optimisation of CEX chromatographic separation for a bispecific antibody.
DoE
Binding Elution observed regarding the use of the 200 L miniature columns (e.g. flowrate limitations of the robotic arm and poor peak resolution due to the small bed-height), they were universal for all CEX resins. Therefore, for comparability purposes the 200 L chromatography columns were considered sufficient providing the advantage of low material consumption especially when multiple CEX resins are screened. Between the two successful CEX resin candidates the performance score achieved by Resin-7 was approximately 85% compared to 55% achieved by Resin-1. Hence, Resin-7 was determined as the top-ranked CEX resin that was selected to undergo further experimentation to optimise its operating conditions. Fig. 4 also provides a ranking of all the CEX resins included in screening. Additionally, the set-points of the operating parameters for each CEX resin are shown in Fig. 4 . Given the configuration of the resin selection tool for the particular bispecific mAb, the majority of the CEX resins managed to remove HMW species and increase purity. However, a low level of yield was observed throughout all resin candidates that partially rendered them incapable of reaching the productivity target.
Screening
Window of operation
Leveraging the CEX resin screening results summarised in Fig. 4 , the subsequent optimisation experiments were designed for the selected Resin-7 (Table 1) . It should be noted that binding conditions were optimised considering only to maximise DBC 10% . On the other hand, the elution pool volume that was collected was introduced as the third DoE response after purity and yield due to its impact on productivity. A stepwise regression analysis identified a model to describe each of the four DoE responses as a function of the DoE factors. Fig. 5 shows the prediction profilers of each DoE response along with a model-fit summary.
Instead of using the prediction profilers to identify a sweet spot, the MLR coefficients were linked into a stochastic simulation engine evaluating simultaneously the set-point and the acceptable range of each process parameter. Through a series of Monte Carlo simulations a window of operation was determined where the probability of failing to meet the threshold values of any attribute is minimised. The contour plots in Fig. 6 demonstrate the areas where all attributes are satisfied (white areas) operating under no devia- tions from the set-point. Additionally, black shaded circular areas present the window of operation considering a level of uncertainty for each process parameter.
Typically, a window of operation would focus on defining the boundaries of an operating space and determine its centre point as the sweet-spot due to its greatest distance from the boundaries and thus potentially increasing the robustness of a process. Although this approach defines the set-point for each process parameter, it neglects to determine an acceptable range within which each process parameter is allowed to vary without compromising any quality and performance attributes. Additionally, when multiple parameters are investigated a series of contour plots would be necessary to describe a window of operation especially when parameter interactions have a significant impact on the attributes. Using the methodology as described in Section 2.2.3.4, it is possible to determine an acceptable operating range for each process parameter along with its set-point. Thus providing a greater understanding regarding the impact of process parameters on different attributes and hence guide subsequent experimentation at larger scales.
Using the Monte Carlo simulations dataset, which resulted in a minimum probability of process failure, a distribution for each attribute was created and a tornado plot was drawn to evaluate the significance of each process parameter (Fig. 7) . The process parameter with the most significant impact on DBC 10% was identified as the load (binding) pH, while all operating parameters demonstrated an impact on purity and yield. It should be noted that it can be expected that the linear velocity of the mobile phase during elution would have no effect on the volume of the elution pool as can be seen in Figs. 5-7. Furthermore, the benefits of using the 600 L miniature chromatography columns should be highlighted as it was possible to achieve a greater peak resolution compared with the 200 L columns. That led to a more realistic approximation of the tradeoffs between purity and yield.
Targeted bench-scale experimentation
The validity of the predictions made through the implementation of the HTPD workflow was assessed by performing targeted experiments at bench-scale with a 20 cm bed-height chromatography column packed with Resin-7. Bench-scale experimentation evaluated the operation at the centre of the suggested window of operation (set-point of process parameters) while additional runs were performed deliberately introducing deviations from the setpoint within and outside the window of operation.
The DBC 10% was evaluated first in order to determine whether the predicted value of load challenge was feasible. Experimentally achieved (i.e. actual) DBC 10% values were plotted against predicted to visualise their accuracy. It can be noted that DBC 10% was consistently overestimated leading to a shift of the data-points in Fig. 8a from the diagonal line to the right. In order to improve the accuracy of the predictions, the predicted DBC 10% was corrected to account for the collection of a column volume of equilibration buffer in the flow-through pool at the beginning of the loading phase and the hold-up mass with the application of the last column volume (Eq. (14)). Additional breakthrough curves were generated to address the validity of the correction made (Fig. 8b) .
DBC Corrected 10%
= DBC Predicted 10% − 2*C Feed (14) Linear gradient elution experiments followed to evaluate the predictive ability of the elution performance at bench-scale. Experimental values were plotted against predicted for each attribute (purity, yield and elution pool volume) as shown in Fig. 8c-e . Statistical tests were performed to assess the significance of the difference between the means (t-Test) and the variances (F-Test) of the predicted and the actual values. The test results suggested a good agreement between the predicted and the experimental values for purity and yield while there was a statistically significant difference between the variances of the predicted and the actual datasets on elution pool volume. Additionally, the over-prediction of the DBC 10% without the application of the correction for the holdup mass was confirmed. A potential source of error leading to the over-prediction of DBC could be the capacity of the pipettes in the robotic arm of the liquid handling system. When the load volume exceeds the maximum volume of the pipettes of the robotic arm, multiple aspiration/dispersion cycles are required. In such cases, the delay of the robotic arm would increase the residence time that could cause a surge in DBC. Hence, for future studies the delay of the robotic arm should be quantified and considered for the calculation of the flowrate at micro-scale.
In summary, implementation of the proposed HTPD workflow enabled the comparison of a number of CEX resins under conditions that favour each candidate. Two CEX resins qualified as suitable candidates for this particular purification challenge. The CEX Resin-7 was selected based on its performance score for further experimentation to identify a window of operation. The results suggested a mean predicted purity and yield level of 93% and 76%, respectively with an elution pool volume of 4.0 CV. Targeted benchscale experimentation within the predicted window of operation resulted in similar performance (92% purity, 74% yield and 3.9 CV) and hence provided a preliminary justification of the predictive ability of the model.
Conclusions
This paper demonstrated the implementation of a novel high-throughput process development (HTPD) workflow for the chromatographic purification of a highly aggregated bispecific monoclonal antibody (mAb). The HTPD workflow linked highthroughput experimentation (HTE) at micro-scale with design of experiments (DoE), regression analysis, multi-attribute decisionmaking and stochastic analysis. A key focus of the HTPD workflow was the establishment of a systematic framework providing the methods and the tools to cope with the large datasets resulting from HTE and automate a significant part of data manipulation and analysis. Insights gained throughout the implementation of the HTPD workflow can be further leveraged to guide experimentation at larger scales towards the establishment of a design space and a control strategy.
